The effect of spatial scale on spatial analysis has long, but sporadically, been recognized in could be adequately quantified using spectral information-based variables, the results and accuracy of such a analysis depended on both landscape composition and sample size. The linear response of the statistical relationship to the change in sample size over some range of scales indicated that scale effects could be readily predicted in certain cases. However, in general, because scale effects can further be complicated by the choice of variables and the idiosyncrasy of particular landscapes, the predictability of scale effects seems to be confined only to certain domains of scale. To find these domains multiple-scale or hierarchical analysis must be performed. This study further supports that the modifiable areal unit problem is a common one across the disciplinary boundaries of geography, ecology and other earth sciences.
results of ANOVA showed that the relative importance of the TM bands and vegetation indices in the relationship varied with sample size as well. Although the spatial pattern of local-scale (or "neighborhood") diversity and richness of land-cover types in this Great Basin landscape could be adequately quantified using spectral information-based variables, the results and accuracy of such a analysis depended on both landscape composition and sample size. The linear response of the statistical relationship to the change in sample size over some range of scales indicated that scale effects could be readily predicted in certain cases. However, in general, because scale effects can further be complicated by the choice of variables and the idiosyncrasy of particular landscapes, the predictability of scale effects seems to be confined only to certain domains of scale. To find these domains multiple-scale or hierarchical analysis must be performed. This study further supports that the modifiable areal unit problem is a common one across the disciplinary boundaries of geography, ecology and other earth sciences.
Unraveling the problem not only will improve our understanding of pattern and process in nature, but also will have important implications for appropriate use of remote sensing data and GIS.
I. INTRODUCTION
Spatial pattern has important effects on a variety of physical and ecological processes, including flows of energy and nutrients and dispersal and movement of plants and animals (Turner, 1989 ; Risser, 1990; Wiens et al., 1993; Wu et al., 1993; Hunsaker et al., 1994; Levin, 1994, 1997) . To understand the interactions between pattern and process it is necessary to quantitatively characterize spatial heterogeneity over a range of scales. Because today's spatial pattern results from yesterday's dynamic processes, pattern analysis may potentially reveal critical information on properties of underlying processes. Landscape ecology, focusing on the study of the reciprocal relationship between spatial pattern and ecological processes, provides a new conceptual framework for understanding how nature works (Pickett and Cadenasso, 1995; Wu and Loucks, 1995 Qi and Wu, 1996) . In general, both promises and problems have been found regarding the plethora of techniques used in landscape pattern analysis (see Riitters et al., 1995, Jelinski and .
Remotely sensed data and geographic information systems (GIS) have been increasingly used to facilitate large-scale studies in landscape ecology (Iverson et al., 1989; Roughgarden et al., 1991; Turner and Gardner, 1991) . Landsat Thematic Mapper (TM) and NOAA satellite AVHRR data, in particular, have been widely adopted in landscape ecological studies. Based on the features of reflectance and absorption of vegetation to electromagnetic radiation, a number of vegetation indices have been developed from several TM bands (e.g., Tueller, 1989) . Both the spectral values of the different TM bands and vegetation indices derived from them can be correlated with various characteristics of landscapes (e.g., Tueller, 1989 , Rey-Benayas and Pope, 1995).
Landscapes are hierarchically structured in space, within which pattern and processes operate over a range of scales (O'Neill et al., 1991; Wu and Loucks, 1995) . Detected spatial pattern usually varies with the scales of observation, measurement, and data analysis. Therefore, any analysis based on a single scale may provide little (or even misleading) information on the overall landscape structure under study (Wu and Loucks, 1995; Jelinski and Wu, 1996) . Two concepts, grain and extent, have been particularly useful for making landscape pattern analysis scale-explicit, thus facilitating communication and comparison of the results. Grain is the "smallest unit of measure" or "the first level of spatial resolution possible with a given data set", whereas extent is the "cover" or "the total area of the study" (sensu Turner and Gardner, 1991) . Studies in plant community ecology, human geography, and landscape ecology have shown that the results of spatial analysis using area-based data usually are sensitive to three kinds of related, but distinctive changes in spatial data: changes in grain size, extent (Meentemeyer and Box, 1987; Woodcock and Strahler, 1987; Turner et al., 1989; Wickham and Ritters, 1995; Qi and Wu, 1996) , and aggregation zones (the zoning problem; see Openshaw, 1984; Fotheringham and Rogerson, 1993; Wu and Jelinski, 1995; Jelinski and Wu, 1996) . It has been suggested, therefore, that landscape pattern should best be understood by conducting analysis on multiple scales or hierarchically (Wu and Loucks, 1995; Wu and Jelinski, 1995; Jelinski and Wu, 1996; Qi and Wu, 1996) .
As a part of a research project that attempts to link spatial pattern to ecosystem properties in the Great Basin, this study examined the effects of systematically changing spatial scale on the results of particular statistical analyses. Specifically, the objectives of this study were as follows:
(1) to investigate how landscape metrics such as diversity and richness relate to spectral parameters readily available from remote sensing (e.g., TM band values) and vegetation indices derived from them; and (2) to examine the effects of varying sample sizes on the results of the analysis.
II. DATA AND METHODS
The data set for this study is a land-cover map derived from empirical information on topography, vegetation distribution, and land use conditions. The data set contains fourteen land- for each pixel, which represents a total area of 96,114 hectares (or 961.14 square kilometers). The GIS package, IDRISI™, was used for Landsat image processing and a part of the pattern analysis, while S-Plus™ was used for ANOVA, regression, and correlation analysis.
From the land-cover map, we computed three landscape metrics, diversity (H), dominance (D) and richness (R), as descriptors of landscape structure. These metrics have been widely used in landscape ecological studies (e.g., O'Neill et al., 1988 O'Neill et al., , 1996 Turner, 1989; Wickham and Riitter, 1995) , and are defined as follows:
Landscape Diversity
where H is the diversity index, m is the number of land-cover types, P k is the proportion of the grid cells of land-cover type k (the number of pixels of the land-cover type k divided by the total number of pixels). Larger values of H correspond to more diverse landscapes which tend to have many land-cover types with similar proportions of pixels belonging to each type.
Landscape Dominance
where D is the Dominance index, H max is the maximum diversity when all land-cover types are present in equal proportions (i.e. H max = ln m ). m and P k are defined exactly the same as in the diversity index. This index is a measure of the extent to which one or a few land covers dominate the landscape. Small values usually correspond to landscapes with a large number of land use types of similar proportions. Apparently, a simple numerical relationship exists between diversity and dominance indices, both carrying the same non-spatial, compositional information of a landscape. While they were used together in our analysis for purposes of checking computational errors and facilitating interpretation, here we will focus primarily on the results on diversity to avoid redundancy.
Relative Richness
where N is the number of different land-cover types present in an area under observation, and the N max is the maximum value of richness.
Although the same basic formulas are used, in this study these metrics were calculated differently from the conventional way whereby they are computed for the entire study area or nonoverlapping subregions. Because we were more interested in the characteristics of local-scale (or "neighborhood") diversity and their spatial changes, the landscape metrics were computed using a 3 by 3 pixel moving window as defined by the GIS package, IDRISI. For diversity and relative richness, respectively, a value for the metric was computed for the 9 neighboring cells, and then was assigned to the central cell. The window moves on one column at a time from the up left corner of the grid, until all the grid cells received their values. This is exactly the way these metrics are calculated using the PATTERN module of IDRISI (Eastman, 1995) . As a result, the values of diversity and richness formed a 2-dimensional matrix and were represented as maps.
Three vegetation indices, RVI (Ratio Vegetation Index), NDVI (Normalized Difference Vegetation Index), and TNDVI (Transformed Normalized Difference Vegetation Index) were calculated from spectral information of the Landsat TM imagery of the study area. It was one of our objectives in this analysis to determine which of these vegetation indices would be best suited for detecting changes in the Great Basin landscapes. These indices were obtained from the following formula (Richardson and Wiegand, 1977; Tucker, 1979; Huete and Jackson, 1987) :
The Ratio Vegetation Index is simply the ratio of red to infrared brightness values and capitalizes on the increase in brightness as one moves from the red to the infrared data space. The 
III. ANALYSIS AND RESULTS
In previous studies (Wu et The results of regression analysis showed that, for the sample size of 5 by 5 pixels, there did not appear to be a linear relationship between the landscape metrics (i.e., diversity, dominance, richness) and the six independent variables (i.e., TM3, TM4, TM7, NDVI, TNDVI, and RVI). This was true for all representation forms of the variables (i.e., mean, variance, V/M, and CV). For the sample size of 11 by 11 (121 pixels), a statistically significant linear relationship was apparent between the landscape metrics and independent variables when mean, variance, and V/M, but not CV, of these variables were used for the analysis (Table 1) . When the sample size increased to 15x15 and 19x19 pixels, the linear relationship of the landscape metrics with TM bands and vegetation indices became statistically significant for all four forms of measure for the variables, with progressively larger R 2 values and smaller P values (see Table 1 , Figs. 3 and 4) . In general, the strength of this relationship tended to increase as sample size increased for all four forms of measure (Fig. 3) . However, a closer look reveals that R 2 values actually peaked at the sample size of 15x15 pixels in the cases of mean and V/M (Fig. 4) .
The results of analysis of variance showed that, when variance was used as the representation form for the variables, the independent variables differed in terms of the level of significance in the relationship with landscape metrics as sample size increased (Table 2 ). For all the three landscape metrics, all independent variables were found insignificant at the sample size of 5x5 pixels. TM3 was statistically significant in the relationship for all the three landscape metrics at sample sizes of 11x11 pixels and larger, NDVI was significant for sample sizes of 15x15 and 19x19 pixels, and TM7 was only significant for the sample size of 19x19 pixels. The number of the spectral variables that were significant in the regression relationship increased as the sample size expanded. The results of the analysis of variance also were indicative of the relative importance of the different independent variables in the regression relationship at each sample size. Although a certain variable might be important at several sample sizes, its P value tended to decrease with the sample size ( Table 2 ).
The results of correlation analyses, using variance as the representation form of all variables,
showed that TM7 was significantly correlated with all the three landscape metrics at all four sample sizes, whereas TM 3 and TM4 were significantly correlated with these metrics when sample size was bigger than 5x5 pixels (Table 3) . For all the three TM bands, R 2 values increased and P decreased as sample size expanded, indicating that the correlation between the landscape metrics and the TM bands became more significant with increasing sample size.
IV. DISCUSSION AND CONCLUSIONS
The results of our study have shown that the spatial pattern of local-scale or neighborhood diversity and richness in the Minden landscape could be characterized using TM spectral data. But sample size or the scale of analysis played an important role in relating the landscape metrics to TM spectral variables. With explicit specification of this scale effect, it seems feasible to use TM spectral information or vegetation indices to quantify and monitor spatial changes in the Great Basin landscape. However, several points are worth further discussion.
Scale effects
Several studies have shown that changing scale may significantly affect the pattern quantification of an entire landscape or its subregions using, for example, richness and information theory-based metrics (Turner et 1996) . Specifically, the scale being changed in our study is sample size, or may be regarded as extent with 49 replicates (see Fig. 2 ). Our study further has suggested that statistical analyses like regression, ANOVA, and correlation analysis with landscape data are also affected by changing scale. The effect of changing sample size on these analyses can be considerably large (Fig. 4) . Of particular interest was that R 2 values increased monotonically in the variance and CV graphs (A and D in Fig. 4 ), whereas a peak became apparent at the 15x15 sample size in both mean and V/M graphs (B and C in Fig. 4 ). Further studies are needed to confirm whether this peak was indicative of a characteristic scale at which a real structural change in the landscape takes place. Because of scale effects, ecological conclusions based on such analyses should be made with explicit specification of scales (grain size and extent). Our results seem to suggest that this effect may be predictable within a certain domain of scales in some cases (see Fig. 4 for regions that correspond to nearly linear change in R 2 values).
Effects of different representation forms of variables
Scale effects were further complicated by the effect of different representation forms of variables used for the landscape analysis. For example, the four representation forms (variance, mean, V/M, and CV) for the 9 variables in this study resulted in somewhat distinctive patterns of change in R 2 values with increasing sample size (Fig. 4) . For example, while diversity and richness seemed to exhibit similar patterns for each representation form at finer scales, variance was most sensitive to changes in diversity and richness pattern. The higher sensitivity of variance to change in the analysis scale is attributable, at least in part, to the fact that its values are larger than those of V/M or CV in which variance is "scaled down" by mean.
Relationship between TM bands/derived vegetation indices and spatial pattern of landcover richness and diversity
The results of regression analysis indicated that neighborhood diversity and richness were significantly correlated to TM band parameters and vegetation indices. The strength of the correlation seemed to increase with sample size (or calculation scale). This was evidenced by the increasing R 2 values and decreasing P values for the regression relationship, as well as by ANOVA and correlation analysis. In particular, the results suggested that the selected TM bands and vegetation indices could detect and predict changes in local-scale diversity and richness at sample sizes from 11x11 to 19x19 pixels with increasing accuracy. Clearly, use of variance as the representation form of variables at the 19x19 sample size gave the best result (R 2 larger than 0.7 for all three metrics; see Table 1 and Fig. 4) . The results of both ANOVA and correlation analysis further suggested that TM3 and NDVI were the most consistent and best predictor variables.
TM3 band has been shown to be a good indicator of green vegetation (e.g., Tucker, 1979; Baret and Guyot, 1991) . Rey-Benayas and Pope (1995) indicated that TM spectral data have the potential of measuring landscape diversity. While our results seem to support this claim, the choice of appropriate sample size will be critically important to achieve high accuracy. On the other hand, vegetation indices derived from several bands using different mathematical formulations may indicate quantitative and qualitative differences in the properties of vegetation because significant differences in reflectance and absorption of radiation exist between vegetation and other geographical characteristics of the landscape (Tueller, 1989) . According to our analysis, normalized difference vegetation index (NDVI) appeared to be better than RVI and TNDVI for characterizing local-scale diversity and richness pattern in this particular desert landscape (Table 2) . Numerous studies have shown that NDVI is a sensitive indicator of green biomass (Tucker, 1979 , Tueller, 1989 ). Out study suggested that, together with TM3 and TM7, NDVI was a good predictor of diversity and richness in the landscape of our study. However, it is worth emphasizing again that the accuracy of these variables as predictors of land-cover diversity and richness not only depends on landscape composition, but also on sample size.
In conclusion, we emphasize that scale effects represent an important and challenging issue that must be considered explicitly in all landscape analysis. Based on this and previous studies it seems unlikely to find "universal" rules that can be used to accurately predict scale effects over a wide range of scales or across different types of analysis and landscapes. This is in part because scale effects are further complicated by the choice of variables and the idiosyncrasy of particular landscapes. Yet, as this study suggests, responses of the statistical relationship to changes in analysis scale may exhibit simple (e.g., linear or monotonic) patterns over some ranges of scale, implying that scale effects could be readily predicted within these domains of scale. To find scale domains where predictions or extrapolations can be readily made, multiple-scale or hierarchical analysis must be performed. This study further supports that the modifiable areal unit problem is common across the disciplinary boundaries of geography, ecology and other earth sciences.
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